This paper develops a new framework to study investor attention in real time at high frequency. Using information retrieval approach, we construct a proxy for attention from the Twitter messages of financial experts, hedge funds and portfolio managers around the release of unscheduled news announcements. We then examine how markets react to new information in the absence and presence of attention. On implementing our methodology with high-frequency data for large-cap U.S. stocks, we find evidence that news events receiving attention on social media lead to large and persistent changes in trading activity, volatility and price jumps. When the attention is limited, however, the news effects on such trading patterns tend to be smaller and vanish quickly. With respect to reaction timing, we find that approximately one fourth of the news stories arrive first on Twitter before being reported by Bloomberg newswire.
Introduction
The flow of information plays a central role in financial markets. Macroeconomic announcements and firm-specific news often affect trading activity, market volatility and price dynamics. To understand the link between trading patterns and news flows, it is important to study how investors process the news and react accordingly by filtering value-relevant information from noise. In this paper, we propose a new framework for examining market reaction to news through investor attention to information in real time. Developing an attention network and using intraday one-minute data on large-cap U.S. stocks, we find evidence that news strongly influences trading activity only when investors pay attention to news announcements. In the absence of such attention, however, the effect of news on returns, volume, volatility and price jumps appears to remain weak and short-lived.
Measuring attention to financial news is challenging in continuous time. To cope with this difficulty, we use the flow of tweets from financial experts around the release of firmspecific unscheduled news. Although most of the 500 million messages sent every day on the micro-blogging platform Twitter are noisy, visual inspection typically suggests that certain (Figure 3 ). All these events, characterized by extremely active posting activity on social media, are associated with a large and long-lasting impact on trading volume, volatility and asset prices.
Even though these examples primarily reveal the reaction of individual stocks, tweets can also amplify marketwide movements. For example, on April 23, 2013, at 1:08 p.m., the Dow Jones Industrial Average index plunged by nearly 145 basis points in one minute after a fake tweet announced the bombing of the White House. Despite the fact that Dow Jones recovered by going back to its previous (pre-announcement) level-a few minutes just after the news proved to be false, this exceptional event illustrates the speed at which information can be shared and disseminated on social media as well as the link between investor attention and information in financial markets.
[ Insert Figures 1−3 about here ]
In light of these examples, the objective of this paper is to examine the intraday response of stocks to news announcements by uncovering investor attention to information. Our analysis has two main steps. First, we develop an information retrieval method (IRM) that utilizes Tweet flow as a proxy for investor attention. In real time, this method tracks all messages posted by financial experts and disentangles (value-relevant) signals from (irrelevant) noise. Second, we use the attention-based metric to characterize the effects of news events on stock market activity in various forms, such as abnormal returns, trading volume, price volatility and price jumps.
1 We compare market reactions in the presence (and absence) of attention and show that the reaction of stocks to news significantly depends on whether or not investors pay attention to news.
Contrary to conventional approaches on textual analysis and sentiment, our method extracts direct communication information from a micro-blogging platform rather than traditional newswires. This provides several advantages. First, Twitter may break the news because existing value-relevant information can be shared on social media before being re-1 ported by mainstream newswires (Kwak et al., 2010) . Second, Twitter may even create the news by itself. Companies can use the Twitter platform for announcing key information to investors in compliance with the Regulation Fair Disclosure, since the Security and Exchange Commission (SEC) reports on the use of social media by companies and markets participants.
2 Third, by targeting a wider number of "content providers" instead of focusing on a specific newswire, Twitter enables the construction of a transparent measure of news relevance and investor attention. As "news stories are not all created equal" (Barber and Odean, 2008) , exploiting social media activity associated with a specific news release can help researchers and practitioners divide market reaction into (attention-grabbing) value-relevant news and noisy signals.
At low trading frequencies (such as daily or weekly), prior research documents mixed evidence on the power of search engines, social media and Internet communication in predicting asset returns (see Nardo et al., 2016 for a survey). Although those findings could be explained through market efficiency, other factors are also likely to justify the absence of predictability. First, information may be rapidly incorporated into asset prices, which requires an intraday analysis to better understand the causal relationship between online user-generated content and market dynamics. Second, value-relevant messages may, in fact, be lost in a massive flow of noisy content, leading to, on average, noisy signals. In this respect, accounting for users' credibility and reputation could help disentangle news from noise. Third, investor attention (based on online discussions) strongly correlates with traditional newswires stories. Therefore, combining online messages with traditional news flows could permit to identify "news that matters" from noisy stories and routine news coverages.
In this paper, we provide a new methodology and empirical analysis to explore these three competing explanations.
2
The Regulation Fair Disclosure applies to social media and other emerging means of communication used by public companies in the same way it applies to company websites. See "SEC Says Social Media OK for Company Announcements If Investors Are Alerted" (April, 2, 2013) .
To disentangle news from noise, our methodology relies on information retrieval through network structure and identifies experts in the crowd. Specifically, we first start with a list of influential Twitterers (i.e., contraction of "Twitter" and "user") sharing opinions, views and news about the stock market on Twitter. Then, we implement an iterative algorithm based on directed relationships (friendships) between Twitterers to characterize a network of thousands of financial experts including hedge funds, asset/portfolio managers and investors.
After identifying experts in the crowd, we consider five listed U.S. companies consisting of Apple, General Electrics, Walmart, Johnson & Johnson, and IBM. We extract all messages sent on Twitter by our list of financial experts.
When implementing our approach, we combine Twitter data with firm-specific "Hot
Headlines" (HH) from the Bloomberg Terminal, focusing on unscheduled news published during the market's opening hours.
3 For each of the HH, we utilize a similarity measure to examine whether or not the news was available on Twitter before being reported by
Bloomberg. This measure also allows us to automatically compute a statistical proxy for investor attention by assessing the similarity between HH content and messages published on Twitter around the release of the news.
Relying on our investor attention measurement, our empirical analysis reveals several distinct patterns and regularities in the data. First, for a large number of news events, we find that the content of the unscheduled news was already available on Twitter before being published on Bloomberg. The evidence-documented for other types of events, such as the death of Osama bin Laden or the plane crash in the Hudson River-confirms that Twitter can also break financial news. One implication of this result is that combining Twitter flow with traditional newswires' data can help locate the exact timestamp when public information is available to market participants. This, in turn, allows for better assessment of the impact 3 For instance, our unscheduled news announcements are related to product announcements, firm-events announcements, activist investors communication and legal issues, among others.
of unscheduled news on financial markets' movements. Along these lines, we use one-minute intraday data and newswire-corrected timestamps to investigate market reactions to news that receive high-attention versus low-attention from financial experts. We find evidence that attention-grabbing news are followed by large and persistent changes in trading volume, volatility and price jumps. When investors pay no attention to news, however, the impact on such measures of market reaction appears to be low, and the effect of news vanishes very quickly at intraday levels. For both high-attention and low-attention cases, we find no evidence in favor of price predictability after news releases, reflecting information-induced efficiency. More broadly, our results suggest that Twitter can help trace news events that matter in a continuous flow of information, without relying on "black box" pre-processed data or subjectively-picking-seemingly-relevant news. By combining Twitter flow with highfrequency news events from traditional newswires, researchers can disentangle the effects of pre-announcement private information from ambiguous timestamp identification and avoid underestimating the impact of unscheduled news caused by noisy stories or rumors.
The remainder of this paper is organized as follows. In Section 2, we discuss the related literature. Section 3 describes our identification approach to retrieve information from Twitter. This section further presents the intraday data on stocks and news announcements.
Section 4 introduces our methodology to construct a proxy for investor attention in real time. Section 5 outlines our empirical analysis and presents the results. Section 6 concludes.
Related literature
Modern finance theory suggests that "news"-defined as textual information from traditional media-should not influence stock markets, unless the news events contain valuerelevant information about the discounted value of future cash flows. Under the assumption that information revealed by traditional media is stale due to the publication lag, media should thus play no role in the price discovery process.
A few decades ago, before the advent of the Internet and the availability of high-frequency data, one could argue that information disseminated by traditional daily morning and afternoon newspapers was indeed stale when made public. This conclusion is, however, questionable in today's financial markets, where an almost continuous flow of news can be exploited by fast-moving traders (Foucault et al., 2016) and by machines reading the news (Groß-Klußmann and Hautsch, 2011) . Furthermore, news is no longer the monopoly of traditional media, that is, every user can now be a media outlet by publishing content on blogs, message boards, or social media (Shirky, 2008) . U.S. companies can now directly use social media to disseminate key information to investors, in compliance with the Regulation Fair Disclosure. Traditional media are still among the main news providers, but their business model has evolved from a daily newspaper to a continuous flow of online information, where breaking news often plays a significant role in developing online traffic. These recent technological, organizational, and regulatory changes reinforce the need for empirical research on the informational efficiency of financial markets.
The literature on the high-frequency market impact of scheduled macroeconomic releases (Andersen et al., 2007; Bollerslev et al., 2016) and Federal Open Market Committee announcements (Faust et al., 2007; Wongswan, 2009 ) is rather vast. High-frequency scheduled news (surprise) has a significant impact on asset prices and, typically, explains a substantial fraction of the increase in price volatility and trading volume following the news (Balduzzi et al., 2001) . Recently, Bernile et al. (2016) also document substantial informed trading before the official release time of scheduled announcements, consistent with information leakage from the news media or from insiders. Research on the impact of unscheduled news arrivals is, however, relatively scarce. While macroeconomic events often affect the movements of individual stocks, sudden and unexpected firm-specific information can also impact asset pricing and market liquidity (Boudt and Petitjean, 2014) . For example, analyzing the intraday market dynamics of firm-specific announcements at the Paris Bourse, Ranaldo (2008) finds a significant increase in liquidity and higher adverse selection costs around news arrivals. Riordan et al. (2013) From a different perspective, recent studies on computational science focus on methodologies to automatically detect "breaking stories" in a continuous flow of messages from social media (Mathioudakis and Koudas, 2010; Petrovic et al., 2013; Ifrim et al., 2014) . The approaches in these works are built on the tools in the area of natural language processing (named entity recognition) and topic classification. The basic intuition behind event detection is as follows. When value-relevant breaking news arrives, users on social media will change their posting activity and start talking very actively about the event. By analyzing the tweet flow in real time, looking for surge in absolute posting activity, a burst in the frequency of certain keywords, or the appearance of new topical clusters, practitioners can identify value-relevant news even in the absence of a specific news provider or another measure of relevancy. Historical databases of messages are available (albeit expensive), so that discovering the precise timestamp at which information was public is possible (at the ex-post level) by identifying the first mention of a news article on social media.
Theoretical models and empirical studies often suggest that investor attention to marketwide news plays a central role in changing asset prices and volatility (Li and Yu, 2012; Andrei and Hasler, 2015; Yuan, 2015) . At the company level, Barber and Odean (2008) provide evidence that retail investors are net-buyers of attention-grabbing stocks, and Solomon et al.
(2014) document that media coverage attracts investor attention and affects investors' capital allocations to mutual funds. Recently, Boulland et al. (2017) demonstrate that investor attention, measured by the use of an English-language electronic wire service, significantly affects market reaction to earning surprises.
Indirect measures, such as 52-week high (Driessen et al., 2013) , the day of the week (Friday effect) (DellaVigna and Pollet, 2009), or the level of media coverage (Barber and Odean, 2008) , have been used in the literature to proxy for investor attention. Despite this substantial progress, these proxies have at least two important limitations. First, market data (such as price and volume) contain idiosyncratic components that are unrelated to attention. Second, simply counting the number of news articles does not take into account the salience of news coverage and could be easily affected by routine company press release.
To overcome these issues related to proxy selection, Dimpfl and Jank (2016) and Da et al.
(2011) examine the number of queries about a given company on Google to compute a more direct measure of investor attention. Although the Google search engine is of interest from a practical viewpoint, detecting investor attention through the evolution of online search behavior also has certain drawbacks. For instance, the Google data are available only on a daily basis with no information on the absolute level of search (scaled on a range of 0 to 100 based on a topic's proportion to all searches on all topics). Therefore, the precise assessment of the evolution in the Search Volume Index remains elusive. In this respect, combining news published on traditional media with attention toward the news on Twitter could resolve issues related to partial identification. It also allows the construction of a transparent high-frequency proxy for investor attention. We attempt to bring this resolution to research on news reaction analysis of financial markets.
Following the existing theoretical and empirical literature, we hypothesize that news arrivals cause price jumps and they are followed by a persistent increase in volatility and trading volume. We add to the literature by examining two further hypotheses. The first hypothesis focuses on movements prior to the news release and on the importance of using newswire-corrected timestamps for intraday studies. This hypothesis relies on the results in Bradley et al. (2014) , who document that timestamp delays could lead to incorrect inference. Consistent with Bradley et al. (2014) , we argue that the pre-announcement effects are generally overestimated when researchers consider standard newswire timestamps. We find empirical evidence supporting this hypothesis and further show that correcting the timestamp delays significantly reduces movements prior to news releases. The second hypothesis is closely related to the theoretical framework of Andrei and Hasler (2015) : high attention should induce high return volatility if attentive investors immediately incorporate new information into prices. Conversely, when investors pay little attention to news, information should only be gradually incorporated into prices resulting in low volatility. By empirically testing these theoretical features, we show that market reaction to information (in forms of volatility, price jumps, trading volume and return) is indeed much more pronounced when investor pay attention to news compared to when they do not.
Data
We proceed with the description of our databases. In Section 3.1, we first discuss how to use Twitter data and process communication information to construct our attention proxy.
Section 3.2 then details the data on stocks and news announcements obtained from the Bloomberg Data Analytics.
Constructing a proxy for attention using Twitter data
On the micro-blogging platform Twitter, users can post short messages, called "tweets"
(140-characters maximum), share messages sent by other users with their community of followers ("retweet"), or simply read "tweets" of users they choose to follow. Compared to other social networks, such as Facebook or LinkedIn, relationships between users on the platform are public and can be accessed through the Twitter Application Programming Inter-face (TAPI). We use TAPI to transform the Twitter information network into an adjacency matrix and identify specific clusters inside that matrix. The Twitter-directed relationships allow us to create a list of financial influencers. The list includes the tweets of important investors (through pre-filtering), financial journalists, investors/traders and experts working in financial markets or institutions.
Specifically, we take the following steps to identify market participants. First, we start with a list of 10 influential Twitterers (i.e, combination of "Twitter" and "user") sharing news and ideas about the stock market on Twitter. We impose the following four criteria to include a user in our initial list: (1) the user has a verified Twitter account, (2) the user has a dedicated Wikipedia page, (3) the user has at least 100,000 followers, and (4) the user has a professional job related to financial markets. 4 Table 1 presents our initial list of 10 users.
We denote this set as N 0 .
[ Insert Table 1 about here ]
We then consider that common friends of influential experts in finance should also be influential and tweet regularly about financial markets. To account for this, We use the TAPI to extract the friends list of each user in N 0 . 5 We insert the unique identifier of all users followed by at least one user from N 0 into a MongoDB database, ending up with a list of 15,390 users. Finally, we create a new iterated list (i.e., N 1 ) by augmenting N 0 with the 50 most commonly followed Twitterers from the list of 15,390 users. 6 Appendix A details our setup as well as the implementation of the network algorithm used to characterize 4
The final list of 3,010 users identified using our methodology is robust to the initial list with the choice of 10 users. We find a similarity of 85-95% when considering other lists of 10 financial experts. attention. Figure 4 displays our constructed N 1 network based on this setup. We notice that the information network is highly connected, with a total of 973 directed links between the 60 users from N 1 .
[ Insert Figure 4 about here ]
As in step 1, we iterate this algorithm by extracting the friends list of each user in N 1
and adding the 50 most commonly followed users to N 1 . 7 Having generated 60 iterations, we obtain our final network N 60 that consists of 3,010 users. Given our constructed network, we are particularly interested in examining trading activity patterns around Twitter messages as reliable proxies for investor attention. To achieve this goal, we focus on five U.S. companies that are Apple (AAPL), Walmart (WMT), International Business Machine (IBM), Johnson & Johnson (JNJ) and General Electric (GE).
In this case, we consider a new list of 60 influencers instead of the initial list of 10. Twitterers identified during the second iteration include official financial media (e.g., WSJ, Bloomberg, CNBC), financial journalists (e.g., Jenn Ablan, Dennis K. Berman, Charles Gasparino), hedge fund and portfolio managers (e.g., Doug Kass, Mark Dow, Anthony Scaramucci), and traders/venture capitalists (e.g., Paul Kedrosky, Jon Najarian, Bill Gurley).
8
For brevity, we do not report the full list yet it is available upon request.
9
One challenge is that historical access to archives for keyword-related queries is rather limited. The TAPI allows registered applications to extract only the last 3,200 tweets sent by each user. To have a greater depth and retrieve all tweets since January 2013, we hence developed an application using Python. First, we relied on the new "advanced search tool" available on Twitter (since April 2014) and extracted the unique identifier of all tweets sent by users in N 60 including the keywords related to companies in our sample. For the Apple company, for instance, we extracted the unique identifier of all tweets containing keywords "Apple," "$AAPL," "AAPL," "Tim Cook," "iPhone," "iPad," "iPod," "iTunes" and "Macbook" sent by experts from N 60 . Next, we used the Twitter "GET statuses/show/:id" function to retrieve detailed information about each message and inserted all tweets into a MongoDB
Those companies are amongst the 10 companies with the highest market capitalization in the U.S. as of January 1, 2013. This classification also helps us avoid a sectoral bias observed typically on high-tech companies, such as Google, Microsoft, or AT&T, or in the oil industry (Chevron, Exxon).
10
[ Insert Table 2 about here ]
Based on this data construction scheme, our Twitter database consists of 498,366 messages containing a keyword related to one of the five companies in the sample. For the messages of market participants from N 60 , the adjusted data span the period from January Table 2 shows a sample of messages published on January 2, 2013 (the first trading day of our period).
News announcements and stock data
We extract company-specific news announcements from the Bloomberg Professional Service (BPS). 12 When constructing our news database, we focus on Bloomberg "Hot Headlines"
(HH) because HH are typically released very quickly by Bloomberg Analytics. In order to
NoSQL database. Given the TAPI limits, the data collection process is limited to one message every five seconds. To collect all data, we ran our Python script during one month.
10
In this study, we are particularly interested in investigating how markets respond to new information arrivals when investors pay attention to news and when they do not. Of course, future research can consider other asset classes to assess the link between attention and marketwise scheduled news announcements.
11
The large difference between social activity about Apple and other companies can be explained in several ways. First, Apple was the company with the highest market capitalization in the world at this time. Second, Apple is the most covered company by media and a well-known company to the general public. Third, high-tech companies are, on average, more covered on social media than industrial companies. Lastly, every new product released by Apple is followed by a wave of euphoria in the real world as fans, for instance, queuing in front of Apple stores. This pattern is also visible on social media and Twitter.
alert practitioners about the release of a (potentially) value-relevant announcement (e.g., political event, macroeconomic event or company-specific news), HH are released as short statements (e.g., 10 words on average). These hot headlines can be further recognized in the flow of news available on Bloomberg as they are capitalized and highlighted in red. The exact timestamp of the news release (up to the second) is available on Bloomberg.
We For example, a few times a year and during market trading hours, Apple organizes special events (keynote events), where the company makes announcements about new products or developments. Price volatility is especially high during those scheduled events, and, given the high number of news announcements provided in a small amount of time, isolating the effect of a specific announcement from others is difficult. 14 As in Bollerslev et al. (2016) , we consider only day-trading sessions and hence neglect the entire news events published overnight and on non-trading days.
For all companies in our sample, we use one-minute data (transaction prices and volume)
from January 1, 2013, to December 31, 2015.
15 As is standard in the literature, we also omit trading days that have too many missing values or low trading activity. Because trading
13
For Apple, for instance, we removed the headline "Blackberry previews secure work space tech for Android, iOS" or the headline "Apple unchanged erasing gain of 1.4% at the open."
14
When conducting robustness checks (unreported for brevity), we also include those news articles in our event-study. The results remain qualitatively the same.
15
Of course, an analysis based on higher frequency (tick-by-tick or one-second) could shed more light on how market participants process information in a framework with fast-moving (or slow-moving) traders (see (Foucault et al., 2016) ). We restrain our analysis to one-minute data due to data availability and, more importantly, to avoid potential frictions related to market microstructure noise.
volume and volatility exhibit strong intraday patterns (due to opening and closing hours),
we use the procedure proposed by Erdemlioglu et al. (2015) and remove periodic patterns before conducting our empirical analysis. 
Methodology
In this Section, we introduce our main methodology for examining the high-frequency response of stocks to investor attention. For this objective, the next subsection presents first the underlying continuous-time model and then details how we characterize market fluctuations in various forms. In Section 4.2, we outline the identification of our attention measure based on information retrieval approach.
Reaction forms in continuous-time
Because our focus is to examine the market impact of attention at high frequency, we describe the behavior of stocks at short-time scales in continuous-time. Throughout, we thus assume that the log-price of a stock p(t) follows a standard diffusion process with jumps.
While the former component helps us characterize the smooth/diffusive volatility reaction to news, jumps reflect abnormal uncertainty or shocks. That is, dp(t) = µ(t)dt
where dp(t) denotes the logarithmic price increment for t ≥ 0, µ(t) is a continuous, locally bounded, variation process, σ(t) is a strictly positive and càdlàg (right-continuous with left limits) stochastic volatility process, and W (t) is a standard Brownian motion. In Equa-
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For brevity, we do not report the estimated periodicity factors and diurnal patterns. These results are available upon request.
tion (1), q(t) further denotes a counting process (e.g., compound Poisson process), L(t) is a pure Lévy jump process (e.g., Cauchy process), κ(t) and h(t) denote the jump shock sizes of the counting and Lévy processes, respectively. Intuitively, the jump shocks of (1) potentially represent both finite-and infinite-activity. While finite-activity jumps capture rare and large abnormal reactions, the infinite-activity component tracks relatively small yet frequent jumps in asset prices.
Given this underlying model, we next estimate diffusive (spot) volatility and detect the arrivals of extreme price changes (i.e., intraday jumps). We use the truncation approach of Bollerslev et al. (2013) to identify the realized intraday jump shock increments of the assets.
Let JV t,i denote the jump variation at time t of a trading day i. Then, we identify the intraday jumps as
where r t,i is the intraday price increment (return) at time t of a trading day i, u = α∆ is the truncation threshold and α (> 0) is expressed in units of standard deviations of the continuous part of the process for a constant ∈ (0, 1/2). This truncation approach in (2)
can be used to detect large price changes (i.e., jumps), and hence its reverse version retains the diffusive (or continuous) volatility shock component such that
where CV t,i is the estimated diffusive spot volatility of (1). As in Bollerslev et al. (2013) , we set the truncation thresholds α = 3 and = 0.47 for both jump and volatility estimations (i.e., in Equations (2) and (3), respectively).
In addition to volatility and jump reaction forms, we further consider volume as a proxy for trading activity. In this regard, we follow Groß-Klußmann and Hautsch (2011) and estimate abnormal trading volume by standardizing the process using the yearly average of the corresponding underlying one-minute intervals. That is,
where V * s,t denotes the abnormal trading volume on minute t for stock s, V s,t is the one-minute trading volume and V d,s,t is the trading volume of the corresponding underlying minute t on day d. Finally, in order to characterize the return reaction at high frequency, we assume a normal-return asset pricing model as in Groß-Klußmann and Hautsch (2011) . Specifically, we define the abnormal return as the difference between the actual return and the estimated normal return given by
where AR s,t denotes the one-minute abnormal return of stock s, R i,t is the one-minute return of the individual stock and Rm t is the one-minute return of the S&P500 (SPY Exchange Traded Fund). In line with Fama (1998), and because we focus our analysis on a short [-30 :+30] minutes event window, the considered model of normal returns barely affects the inference about abnormal returns (i.e., the expected returns on a short event window are close to zero). 17 To pin down the effects of unscheduled news on intraday returns accurately, we implement a trading strategy by selling stocks on negative news and buying stocks on positive news. We define headline's sentiment manually since sentiment measurement based on standard dictionary-based approach (see e.g., Loughran and McDonald, 2011; Jegadeesh 17 In various robustness checks, we confirm that our results are insensitive to the choice of asset pricing model (i.e., constant-mean or market-return). These results are unreported for brevity, but they are available upon request.
and Wu, 2013) is likely to be biased due to the insufficient number of words in hot headlines.
Quantifying attention with information retrieval scores
To and t 1 (a Twitter message), the cosine similarity-collapsed into two TF-IDF vectors B and T )-is given by
Because the TF-IDF value is always positive, the cosine similarity ranges between 0 and 1.
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Higher cosine similarity implies a closer similarity between a given message published on Twitter and the Bloomberg headline. Cosine similarity is a standard approach taken from natural language processing and information science literature to assess the similarity between two documents (see Loughran and McDonald, 2016) .
To improve the accuracy of the TF-IDF cosine similarity measure, we use a Porter stemmer to remove the commoner morphological and inflexional endings from the words in all messages and headlines. We also remove all stop-words, links, company names, and mentions from messages. For example, the headline "Apple PT cut to 530 from 660 at Nomura" became "pt cut 530 660 nomura." The tweet "It's one of the great conundrums of investing. What IS this stock? @JamesStewartNYT on whether $AAPL is growth or value. @CNBC" became "one great conundrum invest what stock whether growth valu." 
We define the attention-grabbing news from with a N ews * i score greater than (or equal to) 0. Although we consider other threshold values (0.5 and 1) to separate attention-grabbing news from low-attention news, we find that results are robust to the different threshold values (see Appendix B for an example on trading volume). In our empirical analysis, we set the threshold value as 0.
Empirical analysis

Analyzing market reaction to news: an event-study
We conduct an event-study to investigate the high-frequency impact of unscheduled news announcements on trading patterns. As we discussed in Section 4.1, We consider four reaction forms: abnormal trading volume, abnormal returns, diffusive volatility and sudden price jumps. We account for investor attention using our information retrieval approach andrelying on this scheme-we examine the characteristics of market reaction for high-versus low-attention to news.
We set a [-30:+30] minutes event window. We follow Bollerslev et al. (2016) Corrado (1989) . In the next section, we present and discuss our main empirical results.
This section will then proceed by presenting a correction method to identify the timestamps of news releases. In Section 5.3, we decompose market news responses into high-versus low-attention components and compare the patterns in the data.
Reaction and timing: does Twitter break the news?
For all 547 pre-identified Bloomberg news events, we start by comparing the exact timestamp of the HH (up to the second) with the first mention of the same news on Twitter.
It is worth mentioning that Twitter provides incentives for users to attempt to "break the news". The main incentive is related to the fact that publishing information on Twitter before the release on traditional newswires could increase the credibility and reputation of financial experts. Even official media Twitter accounts (e.g., CNBC, Reuters) and journalists associated with traditional media tend to publish "breaking news" on Twitter before reporting the news on their websites or platforms. By increasing their reputation and their number of followers, the media (and journalists) can increase readership and maximize future revenues derived from traffic acquired through Twitter. Investors and market participants also benefit from sharing breaking news on social media in order to increase their Table 4 reports examples of such cases for which Twitter does break the news.
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[ Insert Table 4 about here ]
The delay between newswire-reported timestamps and the very first moment at which news arrives on social media (and hence becomes public) tend to support the conclusion of Groß-Klußmann and Hautsch (2011) on high-frequency news-implied market reactions.
Price movements prior to news releases may not be solely attributed to private pre-release information, but could be explained by biased (or imperfect) timestamps. As also shown by Bradley et al. (2014) for analysts' recommendations, identifying the exact minute at which an unscheduled news event was made public is crucial for a high-frequency analysis because a failure to do so can lead to (buy/sell) timing implications for traders.
Before assessing whether the degree of attention influences how markets respond to news, we first assess if combining traditional newswire data with Twitter helps disentangle the effects of private information from misspecification of the exact timestamp of news releases.
More precisely, we compare market reaction to news considering (1) all HH using Bloomberg reported timestamp as the event minute and (2) all HH considering the first mention of the own reputation or influence other investors.
The duration of release time ranges between few seconds and a few minutes.
news on Twitter (when social media "breaks the news") and Bloomberg reported timestamp otherwise. Table 5 reports the results for each 5-minutes interval around the release of HH.
[ Insert Table 5 about here ]
As expected, we find strong and significant increase in volatility, price jump, trading volume and abnormal return around the release of unscheduled news announcements. Perhaps more interestingly, the results show that the use of Bloomberg reported timestamp tends to exploit the magnitude of the movements prior to the news release, especially for price jumps and trading volume. These two reactions forms are overestimated by around 10% due to poor timestamp identification five minutes prior to the news release. Figure 5 illustrates such patterns for the pre-event period when abnormal trading volume estimated using newswire timestamps exceeds the quantity with the correction. The reaction differential between two magnitudes is statistically significant and economically large for an intraday news impact evaluation. It is, however, important to note that return reactions are rather swift and relatively insensitive to timestamp considerations.
[ Insert Figure 5 about here ]
Having corrected the timestamp delays using Twitter, we find that the pre-announcement effects disappear for volatility and trading volume, and such effects also shrink for price jumps. Consistent with this evidence, combining the Twitter messages of financial experts with traditional media news stories provides a precise identification of the exact minute at which news is public. This in turn allows to better understand the role of private information (if any) in the price formation process and trace the magnitude and duration of market reaction to unscheduled news announcements. Throughout, we use newswire-corrected timestamps for our analysis.
Does attention change the reaction?
We now turn to assess whether the degree of attention (high versus low) influences how markets respond to news announcements. Tables 6 and 7 report the results for each 1-minute and 5-minute surrounding the announcement releases, respectively. We further plot in Figures 6-10 the patterns for volatility, price jumps, abnormal trading volume, abnormal returns and cumulative abnormal returns.
[ Insert Tables 6 and 7 about here ]
Consistent with the findings of Andrei and Hasler (2015) , the results indicate that spot diffusive volatility is significantly high after the release of attention-grabbing news whereas its reaction is relatively low when investors do not pay attention to events. Specifically, the reaction is statistically significant up to 15 minutes following the news release, peaking around 10 minutes after the release of news before it slowly decreases. Price volatility is, on average, 50% higher following high-attention news than following low-attention news.
Turning to jump-type tail reactions, we also find a large impact differential between highand low-attention news announcements. Price jumps are significantly more frequent from two minutes prior the release up to five minutes following the release of high-attention news.
In sharp contrast, there is, however, no significant increase in the magnitude of price jumps for low-attention news (except at the exact minute of the release). Overall, when considering a [+1:+5] minutes interval after the release, the probability of observing a jump is at least four times higher for high-attention news than that for low-attention news. More broadly, Trading volume exhibits patterns similar to volatility and jumps. For instance, we notice that volume is, on average, two times higher following high-attention rather than lowattention news. Furthermore, trading volume remains statistically abnormal for up to 30 minutes after the release of high-attention news whereas the effects die out very quickly (within five minutes) for news events that do not receive attention from market participants.
These results are broadly consistent with Groß-Klußmann and Hautsch (2011), who utilize the same measure of abnormal volume and find that the money value trading is around 2.6 times higher following the release of high-relevance news, but only 1.5 times higher for low-relevance news. Tweet flow and investor attention thus may help disentangle relevant news events from those having only noisy signals. The similar patterns could be due to a correlation between our measure of investor attention and the "relevancy" indicator of the the Reuters Newscope Sentiment Engine used by Groß-Klußmann and Hautsch (2011) .
With respect to regularities associated with abnormal returns (Figure 9 ), our event-study analysis reveals an increase of 0.047% (0.013%) at the exact minute of the release of attentiongrabbing (versus low-attention) unscheduled news releases. The size difference is statistically significant and fairly large as a small (high-frequency scale) return magnitude. Nevertheless, we find no clear evidence for return predictability and there is neither momentum nor price reversal effect after the announcements. The U.S. stock market thus appears to be efficient enough, in the sense of Jensen (1978) , such that a trader cannot generate profits based on widely disseminated news without acting almost immediately. This finding is in line with the intraday event-study results of Busse and Green (2002) These results overall suggest that the degree of attention significantly influences how markets respond to news announcements. According to Hirshleifer and Teoh (2003) , the immediate reaction to news within a short event windows implies some investors turn their attention very rapidly to relevant announcements. Our findings may also help explain empirically the theoretical model of Andrei and Hasler (2015) on the role played by investors attention to news in measuring volatility. In this regard, we provide evidence such that unscheduled attention-grabbing news events are also significantly followed by large and persistent market impact on trading volume (for up to 30 minutes) and prices jumps (for up to 5 minutes). Moreover, despite the fact that a trading strategy based on unscheduled news releases may not be that profitable through one-minute data (as in Groß-Klußmann and Hautsch, 2011), the return trends might still be exploited by algorithmic (fast-moving)
traders, who are able to trade at the exact second of the release of the news. This can be achieved even after correcting for timestamp delays and accounting for the level of attention. We hence encourage further research in this area. It is also of interest to uncover the impact of attention to news for smaller companies for which the level of attention might have more impact on the price
Conclusion
This paper develops a new measure of investor attention by combining the news flows from conventional newswires with the tweet flow of market participants and financial experts.
We find evidence that investor attention can help identify the exact time at which a news event becomes publicly available. Firm-specific announcements often break on Twitter before being reported on newswires, which in turn allows researchers to better understand the role of private information in affecting trading processes prior to the official news releases. Market reaction to news in pre-announcement spells could be related to bias in the news release times rather than information leakages.
The results also suggest that the degree of attention on Twitter about particular news changes the trading activity of stocks. While unscheduled attention-grabbing news are significantly followed by large and persistent market impact (on volume, volatility and price jumps), low-attention news flow fails to move trading. The price impact of new information is large only if investors give close attention to news. Studies on empirical asset pricing and market structure may hence incorporate the attention factor which captures how investors view and interpret the information content of news announcements.
Our study offers several directions for future research. One important direction is to examine the interaction between attention and trading patterns at ultra high-frequency (UHF) scales such milliseconds or nanoseconds. Studying UHF price dynamics may hence permit to uncover whether market reactions to news published on Twitter are driven by algorithmic traders, who can use textual analysis to automatically derive trading signals from tweet flows. 24 Another line would be to investigate the heterogeneity in market reaction depending on the credibility or reputation of the user who sends the tweet. For example, in dynamics as shown for example by Huberman and Regev (2001) .
24
Unlike a machine, an investor often needs at least few seconds to read a tweet and pass an order. Therefore, the speed of reaction to news could also help disentangle pure algorithmic trading from human trading.
the case of Twitter earnings leak by a FinTech company called "Selerity Corp", the impact on financial markets was partially muted as practitioners had been debating online about the veracity of the message and figures provided by the Fintech company. 25 When Reuters
Twitter account confirms Selerity information, market reacts strongly, which reflects how opinions and credibility could affect the speed of adjustment to news events. Last but not least, we believe that an interesting path for future research would be to analyze the role of dissemination in market liquidity at the intraday level, extending previous findings from Blankespoor et al. (2013) on the relation between firm-initiated news via Twitter, bidask spreads and abnormal depth. In this line, combining Twitter data with firm-initiated traditional press releases could help researchers understand the relation between the level of attention and information asymmetry in financial markets.
We consider all active users m in Twitter. As of January 1, 2016, m≈300 million. Relationships in Twitter are formalized on an m × m matrix, where a i,j = 1 if user i follows user j, and a i,j = 0 otherwise (i ∈ m, j ∈ m). We proceed as follows.
Step 1. We select 10 users i (i 1 , i 2 , ..., i 10 ) and we denote this list N 0 . For each user j ∈ N 0 , we compute a variable of influence by defining c j =
Step 2. We sort users in descending order of influence c j . We add the first 50 users to N 0 , and we denote this list N 1 .
25
As we discussed in Section 1 and illustrated on Figure 2 .
Step 3. We select 60 users (i 1 , i 2 , ..., i 60 ) from N 1 . For each user j ∈ N 1 , we compute a new variable of influence by defining c j =
Step 4. We sort users in descending order of influence c j . We add the first 50 users to N 1 , and we denote this list N 2 .
Step 5. We replicate step 3 and 4 until reaching network N 60 composed of 3,010 users We compare the results when considering Bloomberg reported timestamp as the event minute ("B-TIME") and when considering the first mention of the news on Twitter (when social media "breaks the news") and Bloomberg reported timestamp otherwise ("C-TIME"). *, ** and *** denote significance respectively at the 10% level, 5% level and 1% level. Significance is assessed using the non-parametric Corrado rank test. Notes: The table reports the significance of volatility, jump, abnormal volume, and abnormal retursn for each 5-minute interval during a [-30 :+30] event window around the release of high-attention and low-attention news events. We consider (as minute 0) the newswire corrected timestamp. HIGH (LOW): the news receiving high (low) attention from market participants. *, ** and *** denote significance respectively at the 10% level, 5% level and 1% level. Significance is assessed using the non-parametric Corrado rank test.
